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Abstract

Most methods for structure-function analysis in medical images usually are based on voxel-wise statistical
tests performed on registered Magnetic Resonance (MR) images across subjects. A major drawback of such
methodsistheinability to accurately locate regions that manifest nonlinear associationswith clinical variables. In
this paper we propose Bayesian Morphological Analysis (BMA) methods, based on a Bayesian-network
representation, for the analysis of MR brain images. First, we describe how Bayesian networks can represent
probabilistic associations among voxels and clinical (functional) variables. Second, we present a model-selection
framework, which generates a Bayesian network that captures structure-function relationships from MR brain
images and functional variables. We demonstrate our methodsin the context of deter mining associations between
regional brain atrophy (as demonstrated on MR images of the brain), and functional deficits. e employ two data
setsfor this evaluation: thefirst contains MR images of 11 subjects, where associations between regional atrophy
and a functional deficit arealmost linear; the second data set contains MR images of the ventricles of 84 subjects,
where the structure-function association is nonlinear. Our methods successfully identify voxel-wise mor phol ogical
changes that are associated with functional deficits in both data sets, whereas standard statistical analysis (i. e.,
t-test and paired t-test) finds only some of these changes in the linear-association case, and fails in the

nonlinear-association case.



Index Terms — Bayesian network, Bayesian morphologica analysis, voxel-based morphometry,

morphology-function analysis, atrophy detection, computational anatomy

1. Introduction

Voxel- and deformation-based morphometry have been increasingly used to identify morphological
abnormalities, such as atrophy, without the need to define a priori specific regions of interest. Many different
approaches[1-2, 9-17, 21, 32-35] have been proposed for generating statistical maps that identify groups of voxels
that display differences in morphology, or voxels for which significant correlations exist among morphological
and clinical measurements. Morphological measurements can be computed from the deformation field used to
spatialy normalize subjects into a stereotaxic space [13, 17, 32-33], from residua variability in the spatia
distribution of gray and white matter after spatial normalization [1, 16], or from tissue-density maps obtained after
mass-preserving spatial normalization [10,12].

For the purpose of morphology-function analysis, particularly voxel-wise morphometry, one of the first steps
iswarping MR images into a normalized space (i. e., registration), to ensure that voxel attributes across subjects
can be compared. A widely used brain-image registration technique is the smooth parametric transformation [1,
14-15, 35], which isprovided in the SPM 99 software package (http://www.fil .ion.ucl.ac.uk/spm/spm99.html). Our
group has previously developed another method referred to as Spatial Transformation Algorithm for Registration
(STAR) [10, 37], which utilizes a high dimensiona e astic transformation. Coupled with the high-dimensional
dadtic transformation is a procedure that preserves information about the volumes of different anatomical
structures, by constructing tissue-density maps, in which relatively higher density at a particular structure implies
that this structure has arelatively higher volume prior to spatial normalization. This procedureisakey component
of our approach, since spatial normalization changes the anatomy of individual subjects, by making each subject’s

anatomy similar to that of atemplate. Therefore, having amechanism that preserves volumetric information during



gpatial normalization is critical.

Regardless of the type of morphological variables being considered, e.g. voxels or regions, most existing
morphol ogy-function analysis methods rely on voxel-wise linear statistics, such ast-tests (TT), paired t-tests (PT),
and ANOVAs. Such statistics compare only the means and variances of variables among different groups;
therefore, methods based on these statistics may not be able to detect nonlinear morphol ogy-function associations.
Second, even for linear associations, these methods usually require a predefined confidence interval, or p-value
threshold, to generate regions of interest (ROIs). Third, these statistical tests generally do not directly describe the
relationships among the generated ROIs. Other methods, such as principal-component anaysis and
partial -l east-square analysis [26], can be expected to capture some image-behavior relationships. However, few of
these methods can bring together many conditional probabilities of these variables to give a statistical conclusion.
In particular, we distinguish between linear associations among continuous variables, which can be evaluated
using methods based on the genera linear model (GLM), such as ANOVA or linear regression, and nonlinear
associations among continuous or categorical variables, which may not be captured by a GLM.

In this paper we use Bayesian networks (BNs) [19, 22, 25] to represent the probabilistic associations between
MR image voxels and clinical variables. A BN is a Directed Acyclic Graph (DAG) model describing the
probabilistic relationships among variables, each node represents a variable, and directed edges coming into a
child node indicate that there is a corresponding conditional -probability distribution for the child, given the joint
states of its parents. Each node without parentsis associated with aprior probability distribution. In this framework,
voxel-morphology variables (e. g., dilated, contracted) and clinical variables are nodes, and morphology-function
analysis is equivalent to the generation of a Bayesian network from MR image data and clinical information for
each subject. The Bayesian network techniques needed in this paper are formalized below in Section 1.A.

We evaluate our methods by trying to detect cerebral atrophy in structural MR brain images, in the setting of
changesin clinical variables. Cerebral atrophy [20] isadegenerative processthat generally occurs after 55 years of
age, although it may occur much morerapidly in certain diseases. In this process, the brain loses mass and volume,
causing the cerebra ventricles to dilate. Many cortical, subcortical, and mixed cortical-subcortical

encephal opathies, such as Alzheimer’s disease and Parkinson’s disease, have atrophy as their primary structural



manifestation. This application is a typical example of morphology-function anaysis, where significant
associations between brain morphological changes and clinical variables, such as aphasia or apraxia, are of
interest.

This paper is arranged as follows. Section 1.A briefly introduces Bayesian networks. Section 2 describes an
overview of our approach, describes aframework for finding the structure of a Bayesian network fromimage(i. e.,
voxel) and clinical data, and further presents two methods implemented within this framework for generating sets
of equivalent voxels. Section 3 describes our performance metrics. Sections 4 and 5 illustrate experimental results
on alinear-association data set of cerebra MR images, and on a honlinear-association data set of ventricular MR

images, respectively. After discussion in Section 6, we present our conclusionsin Section 7.
A. Bayesian Networks

Suppose we have n nodes X={x,,...,X.}; a Bayesian network for X consists of a DAG structure S and a set of

locdl distribution functions p(x|75,0s,S), where 7; is x's parent node set and 6 isthe parameter set of all conditional

probabilities. The structure S encodes the independence statement that p(X |6¢,S) = H p(x | z,,0s,S); thatis,

i=1
the structure of a Bayesian network defines a decomposition of a joint distribution into the product of
conditional-probability distributions, based on the notion of conditional independence, which we elaborate bel ow.
Many model-selection algorithms (see [22-23, 38] for good reviews) have been proposed to construct Bayesian

networks from data. Often these algorithms are based on assumptions similar to the following [8, 22-24, 31, 3]:
1. Eachvariableisdiscrete, having afinite number of states. We use xik and n'ij to denote the kth state of x;
and thejth possiblejoint configuration of 7, respectively. We user; and g; to denote the number of possible
states of x; and the number of possible joint configurations of 7;, respectively.

2. Eachlocal distribution function p(x|75,0s,S) consists of a set of distributions defined as the parameters

O = p(X | 7.0,9), «y



wherefor al i, j, k, 6, >0 and Zrki:leijk =1. Denote the parameter set 0;; ={6;,,---,0;, } .

n_ G
3. The parameter sets §; are mutually independent, so that p(05|S) =[] r(®; 1S -

i=1 j=1
4. Each parameter set 6; hasaDirichlet distribution, giving p(0; |S) = Dir(0; | ¢y, -, ;. ) He”g ,

where hyperparameters oy > 0 for every i, j, k.

5. Thedataset D iscomplete, that is, every variable is observed in every case of D.

Under these assumptions, the parameters remain independent given D:

p(0s1D,5) = [[] p®, ID.9). @

i=1 j=1
and the posterior distribution of each 6;; has the Dirichlet distribution

p(eij | D’S) = Dir(eij |0{iil+ Nijl” ) aur + NIJI‘ ) HeulszrN”kil (3)

where N, isthe number of casesin D inwhich x = X and 7, =) . N;j = 2, Njc isthetotal number

of casesin which 7, assumes the jth joint parent configuration.

The marginal likelihood was first derived in [8, 24] as
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Among many Bayesian network learning methods, we have particular interest in K2 [8, 24] . K2 uses the
metric egn.(5) to compute the conditional probability of a candidate Bayesian-network structure S (i. e., the

associations among the variables), given the data D. With uniform priors over possible network structures, the



Bayesian metric is proportional to the likelihood in egn.(5). Because the number of possible network structuresis
exponential in the number of variables, it isimpossible to completely evaluate al possible network structures to
find the best one [24]. In fact, for the purpose of voxel-wise morphometry, there are hundreds of thousands of
voxel variables, so it is impractical to directly apply the K2 algorithm to morphology-function anaysis. As we
describe later, we solve this problem by searching a specific subset of possible network structures; this subset is
suitable for capturing associations among voxels and clinical variables, and for finding sets of equivalent voxel
variables.

A basic concept regarding Bayesian networks is d-separation, which is defined asfollows[25]: two variables
v and u in aBayesian network are d-separated if, for al paths between v and u there is an intermediate variable w
such that either the connection is serial or diverging and the state of w is known, or the connection is converging
and neither w nor any of w's child nodes have known states. This blocking of evidence transmission isreflected as
conditional independence among variables. Variable u is conditionaly independent of v given variable w if

p(u|v,w) = p(u|w) . Inthiscase, knowledge of v will not alter the probability of u. If wisempty, we say that u

and v are marginally independent. The conditional independence appears in Bayesian network paths of serial and

diverging connections. In this paper we utilize d-separation to find candidate sets of equivalent variables.
Latent-variable induction in Bayesian network models has been presented as a clustering method [4, 6-7]. In

this paper we use latent-variable induction to generate sets of equivalent variables from the above-mentioned

candidate sets.

2. Bayesian Morphological Analysis

In this section we propose a Bayesian Morphological Anaysis (BMA) algorithm, which detects
morphology-function associations between brain morphological variations and clinical variables. Like other
morphometry methods, BMA requires a preprocessing stage for theimages. BMA is based on the Bayesian metric

of egn.(5) and a heuristic model-selection method to generate a Bayesian network structure from the data. Next,



BMA produces sets of equivalent voxels based on Bayesian thresholding or Bayesian clustering.

A. Image Data Preprocessing

The purpose of data preprocessing is to generate the image portion of data D for the BMA agorithm. For
purposes of illustration, most of our development will be presented in the context of finding associations between
longitudina brain atrophy and functional variable that might be associated with such atrophy. Suppose we have
longitudinal MR images (at times t; and t,) of agroup of subjects (subject 1, 2, ...), along with measurements of a
categorical clinical variable, which could reflect performance in a neuropsychological battery of tests. The three
maj or image-processing stepsin the BMA framework, i.e. registration, subtraction and thresholding, are shownin

Fig.1:

Fig.1 Three major image preprocessing steps, i.e. registration, subtraction and thresholding (binarization)

(1) Registration: In the registration step, brain images of different sizes and shapes are warped to a
stereotaxic canonical space. In this paper we choose STAR [10, 21], which is a high-dimensional
elastic-registration method. Unavoidably, registration introduces a complication, namely that it changes
the morphology of an individual’s brain. Therefore, it would be pointless to examine the morphology of
spatialy normalized brain images in a structure-function corrdative analysis. In order to overcome this
problem, we use an approach referred to as Regional Analysis of Volumes Embedded in Stereotaxic
Space (RAVENS), which is described in detail in [12,10,21]. In this approach, 3D density maps for each
tissue class, such as gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF), are generated
separately. For example, assume that an individual brain has, due to atrophy, larger ventricles than those
in the canonical-space template. Then the density of the corresponding CSF map will be high after spatial
normalization, reflecting the fact that a relatively larger volume of CSF is forced to fit in a relatively

smaller space. More generally, RAVENS maps reflect the regional volumetric structure of the brain of




(2)

3

each subject, with the tissue density of any structure being proportional to the actual volume of the
structurein an individual brain, prior to spatial normalization. Since these maps are registered and reside
in the same canonical space, they can be overlaid and analyzed on a voxel-wise basis.

Subtraction: We subtract the pair-wise RAVENS maps to generate a difference image for each subject.
Due to volume contraction, the atrophic regions of t, images will, on average, have lower intensity than
the corresponding regionsin t; images, sinceimage intensity of the RAV ENS maps reflects tissue density.
Asaresult, the difference maps (t; —t,) will generally have positive valuesin these regions, and negative
values for regions that dilate over time, such as ventriclesin the setting of progressive cerebral atrophy.
Thresholding: Our current method applies only to categorical variables. Therefore, we binarize the
longitudinal atrophy maps by thresholding them at zero. That is, any voxel value larger than O is set as
state 1 (for "volume contraction") otherwise is set as state O (for "no volume contraction™). In regions of
atrophy, binary-map voxels will in general assume state 1. At al other locations the binary maps would
approximately have equal possihility to assume state 1 or state O. The binary maps are used as the image

datainput for BMA.

In a binary map, we denote the entire brain as R, and the (possibly discontiguous) region of atrophy as R.. It

follows that the non-atrophic brain region is

R =R\R.

B. Generating a Bayesian Network Structure From Data

In the BMA framework, we employ the following terms and notations:

Pair-wiselongitudinal MR images: a pair of MR images of the same subject obtained at different times, t;
and to.
Binary variable: atwo-state variable; we label these statesas0 and 1.

Voxel Variable (VV) v: abinary variable defined for each image voxel. A set of voxel variablesis called a
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VV-set and denoted as V.

e Functiona Variable (FV) f: a discrete (not necessarily binary) clinical variable. For example, it could
indicate whether a subject has afunctional deficit (1) or not (0).

o DataD: aset of N binary maps (each has size d;xd,xds for the three spatial dimensions) and N values for
the FV.

e Association: a probabilistic association among aVV and an FV.

e Associated Variable (AV): a VV that is associated with a FV. If a VV is not an AV, we label it as a
non-associated Variable (NV). The set of non-associated variablesis the NV-set.

¢ Representative association Variable (RV) u: aVV that represents a group of AVsof similar associations,
i.e.,, they have similar conditiona distributions with respect to one or more FVs. The representative
association variable set is called RV-set and denoted as U.

e Equivalent-variable set (e-set): the variable set represented by an RV. An e-set can be imagined as a
(possibly discontiguous) region within which morphological changes affect volume loss in a
homogeneous way.

e Candidate equivalent-variable set (c-set): the VV-set containing candidate equivalent V'V swith respect to
an RV.

e Bayesian network structure S: a Bayesian network consists of RVs and the functiona variable(s). Sis
constructed based on the given data D.

In BMA, a Bayesian network S is constructed from D to achieve two goals: (1) identify all AVsfrom the
complete VV-set V, and (2) classify all AVs into several subsets. AVs within a subset have similar conditional
probability distributions with respect to a given FV, and AVs in different subsets have different conditional
probability distributions with respect to agiven FV. We accomplish both goal s by finding the AV's, identifying RV's,
and obtai ning the corresponding e-set for each RV. Three mgjor issues, i.e. the subset of possible Bayesian-network
structures considered, the metric used to compare candidate network structures, and the search strategy, are next

considered.
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Fig.2 The general Bayesian-network structure for representing morphol ogy-function associations

We propose using the general network structurein Fig.2 to represent associations among VVsand aFV. With
this structure we suppose each u; possesses an association with f, while each pair u;, y; (i,j=1,2,3... and i#j) are
independent (i. e., thereis no edge between u; and u;). Each u; may represent adifferent kind of association between
aVV and a FV. Hence this network structure is able to capture complex associations among these variables.
Typically, for each u;, its e-set contains morethan one V'V, since we expect voxelsin the same group to have similar
associations with agiven FV.

We use the Bayesian metric [8, 24] M(S), which isthe conditional probability of network structure S given the

data D, to evaluate candidate Bayesian-network structures. M(S) has the following form:

M (S) = p(s|D) = PCIDPE)
(S)= p(S|D) o(D)

where p(D|S) is computed using egn.(5).

A larger Bayesian metric value indicates a larger probability that the corresponding Bayesian-network
structure could have generated the observed data. Since we have no a priori preference regarding network
structures, we assume the prior p(S) is uniform, as in [8, 24]. Furthermore, because the prior probability of
observing data D isaconstant, M(S) is proportional to the likelihood function, i.e. M (S) < p(D|S) , which takes
the form of egn.(5) for discrete variables of complete data D.

For computational purposes, we redefine the metric M as the logarithm of egn.(5):

M(S)=Inp(D[9)

=i.qzi‘{ln[(ri =D -In[N; +r, —1)!]}iln(Nijk!) (6)

=3 DlInhd > Int

i=L j=1 h=r, k=1 t=2
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C. Model Selection

Here we assume that it is unnecessary to find all associations among VVsand an FV in the network structure
(see discussion at the end of this subsection). Instead, we wish to determine whether there is an association
between an individual v; and f, and whether v; is conditionally independent of that f given the existing RVs. We

propose the method shown in Fig.3 to generate the set of all RVs, and their corresponding e-sets.

Fig.3 Flowchart of the algorithm for RV-set generation.

The procedure in Fig.3 can be understood step by step as follows. Our algorithm first compares pairs of
Bayesian-network structures with and without an edge from the current v; to f (shown as Step 1 in Fig.3 and plots
(a)(b) in Fig.4, where the five structures are denoted as S,, S, S, S, S, respectively). In particular, to find the
variablethat has the strongest association with f, the algorithm compares each pair of Bayesian networks shown in
Fig.4 (a) and (b) over al v; by computing the difference metric

dM(S,.S,) = M(S,) - M(S,) (7)

Since dM isafunction of v, we denoteit as dM; for convenience (as used in Step 1 in Fig.3). Thus, we obtain

the maximum dM" and the corresponding voxel v/,
dM’™ = maxdMm, (8)

v =argmaxdM; . 9)

v,

If there are several variables whose difference metric values are equal, we choose the variable with the
maximum M(v;)) as Vv . If there are still several variables with the same metric value, we arbitrarily choose one of
themasv'.

If dM’ is not larger than O, the data do not favor an edge from any V'V to f, hence our algorithm stops (this
condition is equivalent to the judgment subsequent to Step 1 in Fig.3). Otherwise we denote the variable v’ as u,.

Then we exclude u; from the current VV-set and put al variables for which dM; < 0 in the current NV-set.
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However we do not exclude these NV-set variables from V V-set because they might have higher order associations
with f, although in the current order they are not linearly associated with f.

Each of the variables that render dM; > 0 will have an edge to f. Hence we calcul ate the difference metrics of

Fig.4(c) and (d) (i.e. compare models S; and ;) for all VVsin the current VV-set,
dM(S.,S,)=M(S,)-M(S,) (10)

If avariablev; makes eqn.(10) lessthan or equal to O, the datafavor no edge conditioned on the existence of u;.
In that case, from the definition of conditional independence, we know that v; and f are conditionally independent
given u;. The relationship between conditional independence and d-separation implies that the data favor the
model ScinFig.4 (e) rather than S.in Fig.4 (c). Therefore, it isreasonableto place the current NV-set as the c-set of
U, and to assert that there probably are strong associations between these NV-set variables and u;. The e-set of u;
will befound in the c-set using the methodsin next subsections. Intuitively speaking, the method to obtain the c-set
isanalogousto partial correlation [39], which is used to determine whether thereisany linear rel ationship between
two variables given another (or another group of) controlling variable(s).

The variables for which egn.(10) is larger than 0 add more information even given the existence of u;. Hence
we reuse eqns.(8) and (9) to find the v’ that has the maximum difference metric of egn.(10). Denote thisv' as Us.
Note that u, istypically independent of u;, although thisis not necessarily true.

We then exclude u, and the e-set of u; from the current VV-set (Step 3 in Fig.3). If the VV-set is non-empty,
the algorithm continues, to generate the e-set of u,, and the third representative variable us. This procedure is
repeated until no variable remainsin VV-set (the judgment subsequent to Step 3in Fig.3). Asshownin Fig.3, these

iterations will generate a set of representative variables U={ u;} and their corresponding e-sets.

Fig.4 Alternative structure-function Bayesian-network models

We assume above that we need not compare all possible Bayesian networks to generate an adequate network

structure. Regardless of whether this assumption is correct, the model-sel ection algorithm will produce the correct
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u, for model S,. However, thisassumption is probably incorrect for networks with more than one RV. For example,
for structure S; it isnot impossible that the combination of u, and another AV could yield alarger metric value than
the combination of RVsu; and u,. One method to decrease the likelihood of such aproblemis: first, obtain u, with
the heuristic method in Fig.3, then replace u; in models S; and Sy with other currently available AV's, to ensure that
the combination of u; and u, will produce the largest metric value. We apply the same approach for structures with
more nodes.

Another challengeisthat the structure might not be sufficiently complex to represent associationsamong RV's
and an FV. For example, it is not impossible that an additional edge from u, to u; in structure S; could lead to a
larger metric value. It appears that the only way to overcome this problem isto carry out an exhaustive search for
al possible associations, which has exponential computational complexity in the number of variables. Nonethel ess,
because we need only to identify associations between AV s and the FV, the BM A algorithm can succeed even if we

do not compare associations among RVs.

D. Bayesian Thresholding

In this paper we employ the concept of "probabilistic equivalence”: two variablesv and u are probabilistically

equivalent if v and u have the same number of states, and p(v|u) = p(u|v) =1 for each state.

The equivalent variables u; are only searched for in the corresponding c-set (in our implementation, the c-set
is set to the union of the c-set and u;). An alternative method is to search all variablesin the current VV-set, rather
than only the c-set. However, we prefer searching the c-set, because a variable that would add more information
would generally have a different association with u; and could therefore be excluded from consideration.

A straightforward method to find the e-set of u; is Bayesian thresholding (BT), which determines whether the
association between each c-set variable and u; is strong. In BT, two "equivalent” binary variables u and v are

required to satisfy the following conditions:
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p(v=1]u=1) = plu=1]v=1) =1 p,;
p(v=0[u=1)= pu=0]v=1)=0<1- p,;
p(v=0[u=0)= pu=0]v=0)=12 p,,
p(v=1]u=0) = plu=1]v=0)=0<1- p,,

(11)

where pgr (<1) is a predefined threshold. An implementation of BT is shown in Fig.5, where the edges are
indicated by the horizontal edge in Fig.4(e). Clearly, the threshold psr should be larger than 0.5, otherwise there
could be no edges from any of the c-set variablesto u;.

Thestructurein Fig.5 does not necessarily mean that there s no association among v, Vj+1, ... On the contrary,
typically there would be a fully connected Bayesian network for these equivalent variables. Therefore we
emphasize that the network in Fig.5 is very different from the structure in Fig.2, where each u; is supposed to be
independent, or at least associated with a given FV in a different manner than the other u;, and therefore will add

more information to the existing structure.

Fig.5 The general Bayesian-network structure for the BT method

E. Bayesian Clustering

The major drawback of the BT method (and other threshold-based methods) is its reliance on a predefined
threshold. We therefore developed another BMA algorithm, based on latent-variable induction in Bayesian
networks, to cluster the c-set and obtain the e-set. In this approach, we transpose D, i. e., we consider a
pseudo-variable set C, where each ¢; is the variable representing all ith cases of every variablein the c-set, and at
the same time, we regard the origina variables as the pseudo-cases. The pseudo-data are denoted as D'. Fig.6
shows this scheme, where L is an r -state latent variable with edges to each of the pseudo-variables ¢, i=1,2...,N.
Each state of L corresponds to a set of pseudo-cases. The joint distribution of ¢ is given in the following

multinomial form:

p(C) =Y, p(L =), pc)p(L =L)
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The clustering method is to assume anumber of statesfor the latent variable L, then estimate the unobservable
cases of L. An approximation method [6], based on the L aplace-approximation and Bayesian information criterion,
minimum description length, or Cheeseman-Stutz approximation, can be used. An alternative method is the
Monte-Carlo approximation, which will produce a more accurate result if given enough time [6]. In this paper we
consider one specific Monte-Carlo method, the Gibbs sampler [18], because we want the clustering results to be

precise, while reducing the computational burden.

Fig.6 The latent-variable Bayesian-network structure for the BC method

In the Gibbs-sampler approximation, we first randomly initialize the unobservable pseudo-cases of L (with
the assumed number of states r). Then we sequentially un-assign every latent pseudo-case and calculate its

probability for each possible state, given the other pseudo-cases:

p(L, =L',D"\L,|S)

p(L; =L |D"\L,,9) =~

: (12)
Y. p(L; =L,DT\L,|9)
k=1

where DT\L,- denotesthe dataset D™ with the jth pseudo-case of L, i..e. L;, removed; and the sum in the denominator

runs over all possible states of L;. Since both the numerator and denominator are probabilities that are computed

based on an assumption of complete data, they can be computed using egn.(5). Then, the results of egn.(12) are

used to sample a new pseudo-case. Next, all unobserved data can be reassigned to produce the new dataD". We

iterate this procedure until the distribution of model parameters in Fig.6, which takes the form of egn.(2),
converges. We can rewrite such an indexing function as:

N g

P65 IDT,S)=];[]1 P, |D",S) (13)

To caculate egn.(13), we use egns.(3) and (1). After the indexing function converges, typically most of the

unobserved caseswill not change states. Then we can find the pseudo-cases for which thereal variables assumethe

same state with the RV u;. These same-label variables are regarded as equivalent variables.
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We call this clustering method Bayesian Clustering (BC); it has also been referred to as the candidate method
[5-6, 30]. In [6], the authors were interested primarily in the indexing function value in egn.(13) as opposed to the
clustering results; this value is used only to decide when the agorithm should stop. In the setting of
morphology-function analysis, we are primarily concerned about whether the clustering results are meaningful.
Further, unlike [6], we neither select any particular fixed parameters nor use the normalized parameters.

The computational bottleneck of BC is egn.(12). Fortunately, we can simplify it as the reative value of
egn.(5), which removes alot of unnecessary computation of Bayesian metrics over the whole Bayesian network in
Fig.6. In our implementation, this optimization makes the Monte-Carlo method very fast and is no longer a
computational obstacle, especially when there are alarge number of variables (pseudo-cases) in a c-set.

The parameter r, i.e. the number of clusters, must be set; however, it isnot difficult to choose this parameter.
First, whenr_islarger than acritica valuer,,, whichistherea number of clusters, theindexing function, eqn.(13),
will typically converge to a value that is independent of r.. Second, when r_ > r,, typicaly there are only ry,
different labels in the converged pseudo-cases of the latent variable. Therefore, we can smply set r; to alarge
value, say, 6 or 7, even when we only expect to find 2 or 3 clusters. The only drawback of beginning with alarger,

is greater computational complexity, which is however not critical in practice.

3. Performance Metrics

Let us denote the detection results as R;; this set is the union of the RV-set and al corresponding e-sets. To
measure the performance of the algorithm, it is natural to define the Signal-Detection Rate (SDR) and

Signal-Noise Ratio (SNR) as follows,

R= QR NR,)) (14)
Q(R,)
___9RNR) .
QR N(R\R))’

where Q(.) isthe operator to calculate aregion's volume, i. e., the number of voxelsin that region. SDR measures
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the fraction of detected ground-truth signal (and is therefore in the range [0, 1]), and SNR indicates the degree of

false-positive detection. When the ground truth R, is completely covered by R, eqn.(15) can also be written as

__QRAR) _  QRONR)
QR\(R AR)) QR)-QR AR)

We expect that SNR may be larger than 1. Nonetheless, when the ground-truth region R, is not in accordance
with R,, it is possible that the algorithm might detect association regions not belonging to R,. Hence both SDR and
SNR can only be used as references, and alternatively abetter way to evaluate performanceisto compare the input
data (R,) and the detection result (R) directly.

Although ideally, morphology-function analysis would maximize SDR and SNR, if the data D contain

redundant variables (for example two variables, onein R, and the other in R, , that have the same state for each

case), there is no way to distinguish them without spatial information. We can expect SNR>1 if R, is in
concordance with R, (i. e., Ry isvery accurate), in which caseit is possible to derive the theoretical SDR and SNR
based on Bayes' theorem. Furthermore, we can claim that the morphology-function analysis algorithm performs
well if both SDR and SNR are close to their corresponding theoretically maximal values. However, in this paper
we do not have an accurate R, for our data sets (although it isstill very interesting to compare R, with R.), hence we
omit the derivation of the theoretical SDR and SNR.

In addition, we can perform Receiver Operating Characteristic (ROC) curve analysis[27-28], which involves
computing the True Positive Rate (TPR) and the False Positive Rate (FPR) while varying algorithm parameters,
such asthe BT threshold. TPR indicates the sensitivity of the method, and the False Negative Rate (FNR=1-FPR)

indicates the specificity of the method. We can write TPR and FPR in terms of SDR and SNR:

PR= 2R OR) _ R (16)
QR,)
or_ QR NR)_Q(R) SR .

QR)  QR) :NR
Thus, the ROC curve analysisis equivalent to the SDR-SNR analysis. Thus we only present the ROC curves

in the following experimental sections.
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4. Experimentsfor Linear Detection

This Section addresses the problem of detection of alinear morphology-function association: a subject has a

functional deficit whenever there is significant atrophy in the corresponding binary-map regions.

A. Data

For this experiment we used a set of simulated cerebral-atrophy MR images based on T1-weighted
gradient-echo SPGR images of 11 normal elderly subjects (average ageis 70.1 years, standard deviation 5.9). We
selected two gyri, theright precentral gyrus (PCG) and the left superior temporal gyrus (STG), in al subjects (both
gyri were manually defined using the DISPLAY software package distributed by the Brain Imaging Center,
Montreal Neurological Institute). We then introduced a 30% uniform contraction into the labeled gyri, and created
11 additional images with localized atrophy in these gyri. We term the labeled region of each subject as the
atrophy-mask, or "a-mask”. For each subject, we call the image without atrophy the t; image and the image with
simulated atrophy thet, image. These simulated data are similar to those expected in alongitudinal study, because
each pair of images (t; and t,) belongs to the same subject, the only difference between the two being localized
atrophy. These 22 images, as well as the corresponding a-masks, have also been used in [12].

We registered these 22 3D images with the STAR algorithm, generating RAVENS maps. The size of each
RAVENS map is 256x256x129. The voxd resolution for each spatial dimension is 0.9375mm. As explained in
Section 2.A, the 3D elastic warping transform in STAR algorithm preserves the brain mass of each image;
therefore, the atrophic regionsin the t, images have smaller mean intensity than those for the t; images. Dueto the
physical limitation of our computer facility, we down-sampled each image by afactor of 2, and cropped it with the

largest brain-region bounding box across all images. Each of the smaller images (size=74x91x65) contains

Q(R,)=231091 brain voxels. For each subject, we repeated the warping, down-sampling and cropping procedure
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(with the same parameters) on the corresponding a-mask and obtained 11 RAV ENS maps of a-masks (we still call
them a-masks for convenience). These amasks are dightly different from each other; therefore, we superimposed
these a-masks and binarized with the threshold 5.5 (=11/2) to generate a binary "ground truth" atrophy location R..

To correct registration errors, we applied an isotropic Gaussian-smoothing kernel to these images, as is
customary in voxel-based morphometry [1, 14-15, 35]. We applied the same smoothing kernel to R,, in order to
generate arational ground truth for the results obtained from a statistical analysis applied to smoothed images.
Sincethe optimal diameter, in the sense of maximal atrophy detection, found for this data set is9mm [12], we only
show the experimental results using a 9mm-diameter smoothing kernel below. In this context, Q(non-smoothed
R,)=3888 < Q(smoothed R,)=10670). Of note, R, is the thresholded mean value of the original amasks, however
some brain regions other than R, will also have significant intensity differences. Hence, for this data set, neither the
non-smoothed R, nor the smoothed R, is completely accurate, although they do indicate the locations of greatest
morphological change.

We then applied preprocessing Steps 2 and 3 of Fig.1 (i.e. subtraction and binarization) to the smoothed
images to generate 11 binary maps for which the corresponding FV indicate a functional deficit. Notably the null
hypothesisin PT (i.e. paired t-test) method indicates that when there is no atrophy, the subject has no functional
deficit. Hence we created another 11 "normal” (i.e., no atrophy in t, images) binary maps where all cases of VVs
and FV are 0. Besidesthis primary theoretical consideration, another practical reason for these zero mapsisdueto
the Gaussian smoothing. Because the Gaussian-smoothing operation includes a large region around each voxel
(i.e.,, 9mm kernel diameter relative to 0.9375mm voxel size), the value of a smoothed voxel is calculated based on
the values of hundreds of neighboring voxels. If there is no atrophy in t, images, we would expect that after
smoothing, a given voxel’s intensity in the t; and t, images will be approximately equivalent, especially in the
practical implementation when both input and output images of the smoothing operation are 8-bit and the
smoothing itself is computed with floating-point numbers (thistruncation error in data-type conversion is common
in many available packages, such as SPM99). Therefore, after subtraction and binarization, most VV values are 0.

The entire data set, with 22 simulated binary maps, consisting of 11 abnormal cases for which FV=1 and 11

normal cases for which FV=0, were used as the input to the BMA agorithm.
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B. Results

We compared our Bayesian methods with the standard PT method (provided in SPM99). For simplicity we

call our methods BT and BC, athough they have the common heuristic algorithmin Fig.3.

Fig.7 Detection results of PT, BT, and BC versus the input data for the linear morphol ogy-function associations.
()(b) Intensity plots of the average binary maps at the labeled two gyri, where atrophy is applied. Pixdl intensity is
proportional to the summation of binary maps, where 1 stands for volume loss and O for no volume loss. (c) The
ground truth for the STG. The colored region is the smoothed R,, which is overlaid on a subject’simage (gray) for

better visualization. (d)(e)(f) Detection results for the three methods eval uated.

In Fig.7(a) and (b), the intensity plots of the average binary maps at the smulated atrophy locations are
shown. Comparing the smoothed R, (for STG) in Fig.7(c) with Fig.7(b), we seethat there arefa se-positive regions
outside R, and false-negative regions inside R..

In Fig.7(c)-(f), we show atrophy-detection results versus the ground truth R, indicated by the STG
atrophy-FV deficit associations. The parameters used here are pgsr=0.8 for BT, initial number of clustersr =7 and
the maximum number of iterations = 100 for BC (Note that in each step of BC, athough r, was initidlized to 7,
only the voxelswith the samelabel asthe current RV were returned by the algorithm.), and a significance threshold
ter=5 for the PT t-statistic map. The colored region in Fig.7 (c) is the R, for STG atrophy, below which the
grayscale image corresponds to a randomly chosen subject’s brain, as an anatomical reference. Comparing Fig.7
(d), (e) and (f) with Fig.7(b), we see that both BT (Fig.7(e)) and BC (Fig.7(f)) correctly identify most atrophy
voxels, while PT (Fig.7(d)) finds only a subset of R,.

As expected, the results of BT and BC overlap, except for afew noisy regionsin BC. This noise exists partly
because BC is based on Monte-Carlo iterations, so a few pseudo-cases of the latent variable may change states

even when the maximum number of iterations has been reached. In addition, we have used alarge pgr for BT. In
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fact, BT and BC give aimost identical results when pgr is lowered, for example, in Fig.8 (b) the results of BT at

per=0.6 and BC at r =7 are very similar.

Fig.8 ROC curves of the three methods

InFig.8 (a) and (c) we show ROC curvesfor both non-smoothed and smoothed R, respectively. Fig.8 (b) and
(d) show the portions of the corresponding ROC curves in Fig.8 (&) and (c) for which we have restricted the
analysisto reasonabl e parameters of each method, i. e., parameter values that would be used in practice. Asseenin
Fig.8 (b) and (d), for comparable FPRs, BT is aways more sensitive than PT. Furthermore, although BC aways
has ahigher FPR than BT and PT, BC detects more atrophy locations. When the pgt islowered to 0.6, BT produces
very similar results to those of BC. However, for BT we do not know the optimal threshold beforehand, whereas
BC does not depend on a user-defined threshold. Our current implementation of BC requires a value for r,
however we could automate this choice, because when r|_ islarge enough (for example, >4 for these experiments),
the clustered results are similar in each trial. The difference in the FPR for BC for different r. ismainly due to a
too-small r, which forcesincorrect clustering, whereas large r_ distributes any errors across clusters. Asfor PT, as
the threshold tr is changed to yidd higher TPRsin Fig.8 (b) and (d), the corresponding parameter ter is actually
unacceptable (ter=3 is too small to reflect significant variations in the t-map) for realistic applications. However,
when ter is set to values typically used in practice (e. g., 10), only a small fraction of atrophy voxels (<10%) are
detected. Thus, cases in which PT has low FPR correspond to low TPR as well. For example, when tsr=15, the
corresponding TPR is 0.0034, which means that only about 0.0034xQ(smoothed R,)=36 voxels are detected. In

addition, PT sharesthe BT's drawback of requiring a user-set threshold.

5. Experimentsfor Nonlinear Detection

In this section we further evaluate these methods using a more difficult problem, in which only atrophy in a
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nonlinear combination of specific locationsleadsto afunctional deficit. This structure-function relationship isone
that cannot be captured by standard linear statistical tests, and it is used to demonstrate the main strength of our

approach.

A. Data

For this study, we used 168 T1-weighted SPGR images of 84 normal elderly subjects. These subjects have
different degrees of atrophy. For each subject, there are two images that were scanned with a 5-year interval
between time t; and time t,. We manually segmented these images and obtained a ventricle mask for each image.
For the sake of experiment, we termed the smaller ventricle image of a subject as the t; ventricle and the larger
ventricle image as the t, ventricle. That is, we first arranged the data to make all t, ventricles larger than the
corresponding t; ventricles. Then we normalized these ventricle images using the STAR algorithm, and obtained
two RAVENS maps for each subject. Because atrophy manifested as ventricular enlargement, the t;, RAVENS
maps have higher values than the respective t; maps. Then left and right ventricles were defined viaavertical line
placed in the spatially normalized RAVENS maps.

Our aim in this experiment was to evaluate the performance of the BC, BT, and TT (i.e. standard t-test)
methods on the following nonlinear detection problem: the functional deficit has associations with both (i.e. left
and right) enlarged lateral ventricles, however only theleft lateral ventricle enlargement is linearly associated with
the functional deficit. The right lateral ventricle enlargement has no linear association with the functional deficit
FV, i.e. p(enlarged right lateral ventricle | FV=1)=0.5 and p(non-enlarged right lateral ventricle | FV=0)=0.5. Since
we already made all t, ventricular RAVENS maps have higher values than the corresponding t; maps, we further

constructed 8 groups of images that displayed different patterns of atrophy, as explained next:
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Table 1. Scheme to arrange the nonlinear association data set, where atrophy on both lateral ventriclesisassociated

with the functional deficit, however only the left lateral ventricular atrophy exhibits alinear association.

Number Pattern: Enlarged
Pattern Functional Percent of Abnormal
Group of Lateral Ventricle? Other Statistics
Name Deficit? Subjectsin This Pattern
Subjects Left (L) | Right (R)
13 0 p(FV=1|P00) =
POO 0 0 -1\ =
Fv=1)=0.5
16 1 16/(13+16) = 55.17% | PV
p(L=1|FV=1) =05
8 0 p(FV=1|P10) = p(L=1|Fv=0) = 0.19
P10 1 0
5 1 5/(8+5) = 38.46% p(R=1|FV=1)=05
p(R=1|FV=0)=0.5
19 0 p(FV=1|P01) =
5 1 5/(19+5) = 20.83% p(FV=1|L=0) = 0.40
2 0 p(FV=1|P11) = p(FV=1|R=1)=05
P11 1 1 p(FV=1|R=0) = 0.5
16 1 16/(2+16) = 88.89%

(1) We generated four ventricular atrophy patterns POO, P10, P01, and P11, which stand for no atrophy on

both lateral ventricles, only left lateral ventricular atrophy, only right lateral ventricular atrophy, and both

lateral ventricular atrophy, respectively. These patterns are shown in the third to fifth columns of Table 1.

For simplicity, here (as in Table 1) we used shorthand L for left lateral ventricle, R for right lateral

ventricle, 1 for atrophic lateral ventricle and O for non-atrophic lateral ventricle. Since we refer to

"atrophy" as that the t, ventricular RAVENS map has higher value than the corresponding t; ventricular

RAVENS map, to create the non-atrophic lateral ventricle, we swapped the t; and t, lateral ventricular

RAVENS maps to make the t; map have higher value.

(2) Werandomly divided the 84 subjectsinto 8 groups, each having the number of subjects and the pattern of

enlarged lateral ventricles according to Table 1. For example the group 3 has 8 subjects, who have pattern

P10, i.e. enlarged left lateral ventricle (i.e. L=1) and non-enlarged right lateral ventricle (i.e. R=0).

(3) For each group of subjects, we swapped the t; and t, ventricular RAVENS maps according to the patterns

of enlarged ventricle listed in the fourth and fifth columns of Table 1 and set the respective functional
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deficit FV states according to the sixth column of Table 1. When the latera ventricle enlargement takes
state 0 ('n0’), a swap was needed. When the lateral ventricle enlargement takes state 1 ('yes'), no swap was
performed. For example, for both lateral ventriclesin the first group (with 13 subjects), we swapped thet;
and t, ventricular RAVENS maps so that t, maps ended up having smaler values to those for the
corresponding t; maps, for this group. Thus, the first group displayed no atrophy. The functional deficit
FV of thisgroup was set as 0. Another exampleisthe 6th group (with 5 subjects), where we only swapped
the left lateral t; and t, ventricular RAVENS maps and kept the right lateral ventricles unchanged. The
resulting group of data displayed right-sided cerebral atrophy. We set the functional deficit FV of this
group as 1.

(4) From the statistics listed in the seventh and eighth columns in Table 1, we actually designed a specia
simulated data set in which both lateral ventricles have strong associations with the functional deficit.
Essentialy, when both lateral ventricles have atrophy, i.e. pattern P11, the functional deficit is very
possible, i.e. p(FV=1 | P11) = 88.89%, although one-side ventricular atrophy has weak association with
functional deficits, i.e. p(FV=1|P10) = 38.46% and p(FV=1 | PO1) = 20.83%. However, when only lateral
ventricle dataare examined, there is no linear association between right lateral ventricular atrophy and the
functional deficit, i.e. p(FV=1| R=1) = 0.5 and p(FV=1 | R=0) = 0.5; whereas the |eft latera ventricular

atrophy has a linear association with the functional deficit.

Subsequently, we obtained 84 binary maps after the subtraction (we used t,—t; here, in contrast to the
experiment in last section) and binarization stepsin Fig.1. According to the FV setting in Table 1, we have 42
normal subject (without atrophy) and 42 abnormal subjects (with atrophy). The functional deficit of these atrophic
subjects arises under specific combinations of bilatera atrophy. The average binary map for these 84 subjectsis

shownin Fig.9 (a).

B. Results
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We applied BT, BC, and TT to these data. Via the design of this experiment, we knew that both lateral
ventricles are associated with the functional deficit. However, the right lateral ventricle is not linearly associated
with FV. Hence a standard linear statistical test tool, e.g. TT, can hardly detect the right lateral ventricular atrophy,
athough it was expected to find the left lateral ventricular atrophy. Fig.9 (b) shows the result of the TT method,
where only the left lateral ventricle shows up on the thresholded p-map (with the threshold p-value = 0.05). In
contrast, in our BMA resultsin Fig.9 (c) and (d) (with parameters pgr=0.8 and r =3), both BT and BC detect the
morphology-function associations of both lateral ventricles. These results confirm our expectation that BT and BC
can detect nonlinear morphol ogy-function associations.

In BC result shown in Fig.9 (d), the left lateral ventricle does not appear as bright as that of the BT result in
Fig.9 (c). Thisis because of the imperfect convergence of the Monte Carlo iteration in BC. Despite this point, the

results of BT and BC accord well with each other.

Fig.9 Detection results of TT, BT, and BC versus the average binary map for the nonlinear morphol ogy-function
associations. The red and white regions correspond to two clusters of associations found by BT and BC methods.

Theresult of TT is painted as red because it corresponds the red region in results of BT and BC.

6. Discussion

The proposed BMA methods are generally applicable to many similar problems, besides detection of
morphology-function associations. This advantage makes BMA a potentially powerful tool in discovering
interesting morphological characteristics that are associated with non-image categorical or discretized variables.
Although we only present the experiments on binary variables, BMA can aso analyze multi-valued discrete
variables. Further, in case there are two or more FV's, our BMA method would return alarge Bayesian network, in
which a subnetwork is generated for each FV.

In most applications the number of RV classesislessthan 10, for examplein Section 4 we obtained 1 RV and
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in Section 5 we obtained 2 major RVs; the largest number of RV classes we have ever obtained is 8 in other
experiments[29]. With thisresult in mind, regarding the algorithmin Fig.3, we observed that when there are fewer
than 10 RV's, the computational complexity of the heuristic search of network structuresis approximately linear in
the total number of voxelsin the reported experiments. Therefore, BMA methods may be scalable to millions of
voxels, athough BC is dow due to its reliance on the Monte Carlo algorithm. However, in our experiments
regarding detection of atrophy-function associations, we found that BC often converges rapidly, usually within 20
iterations.

In our experimental design, only binary variables were considered. This setting offers the advantage that
voxel variables have clear meaning of their values, i.e. 1 for volume contraction and O for non-contraction.
However, it is possible to use 3 states for each voxe variable, i.e. 2 for volume contraction, 1 for volume
expansion, and O for no change. The latter setting is useful to detect more general brain morphological changes,
besidesthe atrophy. Nonethel essfor the purpose of atrophy detection, the binary variables are sufficient, and avoid
confusion in explaining experimental results.

For the data in Section 4, in which we used a 9mm diameter Gaussian smoothing kernel, the intensity
difference between smoothed t; and t, voxelswas very small, typically within the range [-10,10]. Hence, the naive
binarization threshold O appeared to be necessary, because athreshold larger than 0 would have caused too much
signal loss and thus very low TPR. One solution would be to increase the contrast of the comparison maps. For
example, we could voxel-wise divide the t, image by the t; image; this operation would produce ratio maps with
much higher contrast than difference maps. However in the case we were successful with the difference maps, it
appears unnecessary to enlarge the computation load by using ratio maps, although higher contrast (e. g., from
clustering methods based on the Expectation Maximization algorithm) would alow us to manually or
automatically choose a better binarization threshold to maximize theoretical SNR and/or SDR. Furthermore, in
those cases for which we have better ground truth, we can calculate the best SNR and/or SDR for many different
Gaussian kernel diametersto find the optimal kernel.

We plan the following major areas of further development:

e Spatial information: when spatial information is integrated into the algorithm, some noisy VVs can be
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removed. For example, an isolated bright point on the average binary map is usually meaningless.
Therefore, it is reasonable to eliminate such voxels using neighborhood filtering, or probability
distributions over the spatial distribution of regions associated with functional variables.

o Number of cases: Although we omit the derivation here, anayticaly the number of cases will play an
important role in improving both SDR and SNR (i. e., increasing TPR and decreasing FPR).

o Different metric and model selection heuristics: Although we employ the Bayesian metric in egn.(5) and
propose the heuristic method in Fig.3, the proposed BMA paradigm itself is independent of particular
Bayesian network metrics and heuristic model selection methods. We plan to investigate several others
approaches described in the Bayesian network learning literature [19, 22-23, 38, 6].

The main limitation of the BMA approach is that variables are required to be discrete. Fortunately, in many

applications the data can be discretized. Also, it is possible to extend our work to continuous (e.g. Gaussian)

variables (for areview of continuous-variable Bayesian network, see [36]).

7. Conclusion

In this paper we have described aframework for morphology-function analysis, based on a Bayesi an-network
model of relationships among image and functional variables. The algorithms based on this framework generate
sets of voxelswhose members have similar probabilistic associations with the functional variable(s). Two methods
implemented within this framework, Bayesian thresholding and Bayesian clustering, are examples of how this
framework can be used to generate equival ent-voxel sets. The Bayesian thresholding method is simpler and faster,
however it requires a predefined threshold for determining whether two voxels have similar conditional
probability distributions given the functional variable. The Bayesian clustering method utilizes a latent-variable
Bayesian-network model, and the Monte-Carlo algorithm, to generate equival ent-voxel sets. Bayesian clustering
takes longer time than Bayesian threshol ding, however the former does not require a user-defined threshold, which

isthe principal limitation of the latter.
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We compared these Bayesian methods to the standard statistical tests (i.e. t-test and paired t-test) for both
linear and nonlinear morphol ogy-function-detection problems. Our methods succeeded in both cases, whereas the
paired t-test detected the atrophy region for the linear-association problem, and the t-test failed to detect nonlinear
associations. It is possible to extend our framework to effectively detect other morphol ogy-function associations

between image and categorical variables.
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Fig.3 Flowchart of the algorithm for RV-set generation
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Fig.7 Detection results of PT, BT, and BC versus the input data for the linear morphology-function associations. (a)(b)
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Intensity plots of the average binary maps at the labeled two gyri, where atrophy is applied. Pixel intensity is proportiona to
the summation of binary maps, where 1 stands for volume loss and O for no volume loss. (c) The ground truth for the STG. The
colored region is the smoothed R,, which is overlaid on a subject’s image (gray) for better visualization. (d)(e)(f) Detection
results for the three methods evaluated.
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(a) Average binary ventricle of the 84 subjects (b) TT (prr=0.05) (axia view from below)

(axial view from below)

(c) BT (psr=0.8) (axia view from below) (d) BC (r_=3, loop=50) (axial view from below)

Fig.9 Detection results of TT, BT, and BC versus the average binary map for the nonlinear morphol ogy-function
associations. The red and white regions correspond to two clusters of associations found by BT and BC methods.

Theresult of TT is painted as red because it corresponds the red region in results of BT and BC.



